A microRNA is a small noncoding RNA molecule, which functions in RNA silencing and posttranscriptional regulation of gene expression. To understand the mechanism of the activation of microRNA genes, the location of promoter regions driving their expression is required to be annotated precisely. Only a fraction of microRNA genes have confirmed transcription start sites (TSSs), which hinders our understanding of the transcription factor binding events. With the development of the next generation sequencing technology, the chromatin states can be inferred precisely by virtue of a combination of specific histone modifications. Using the genome-wide profiles of nine histone markers including H3K4me2, H3K4me3, H3K9Ac, H3K9me2, H3K18Ac, H3K27me1, H3K27me3, H3K36me2, and H3K36me3, we developed a computational strategy to identify the promoter regions of most microRNA genes in Arabidopsis, based upon the assumption that the distribution of histone markers around the TSSs of microRNA genes is similar to the TSSs of protein coding genes. Among 298 miRNA genes, our model identified 42 independent miRNA TSSs and 132 miRNA TSSs, which are located in the promoters of upstream genes. The identification of promoters will provide better understanding of microRNA regulation and can play an important role in the study of diseases at genetic level.
Introduction
MicroRNAs (miRNAs) are small (∼22 nucleotides) noncoding RNAs, which are processed to ∼70-nucleotide precursors and subsequently to the mature form by endonucleases [1, 2] . miRNAs are disseminated throughout the genome. They can be found in intergenic regions, intronic regions of protein coding genes, or intronic and exonic regions of noncoding RNAs. They have many regulatory functions in complex organisms. It is known that a single miRNA can influence the expression of thousands of genes, thus controlling onethird of the human genome [3] . Recent studies have showed their association with human diseases and cancer [4, 5] and indicate that miRNA expression, whether intronic or intergenic, may be complex and varied among tissues, cell types, and disease states [6] [7] [8] .
The promoter of a gene is a crucial control region for its transcription initiation [9, 10] . To make out the mechanism of the activation of miRNA genes, it is required to locate their core promoter regions. It has been noticed that promoter regions contain characteristic features that can be used to distinguish them from other parts of the genome. These features may be grouped into three types: signal, context, and structure features [11] . Signal features are biologically functional regions including core-promoter elements [11, 12] , some short modular transcription factor binding sites (TFBSs), and CpG-islands [13] , which play important roles in assembly of transcriptional machinery. Context features are extracted from the genomic content of promoters as a set ofmers ( -base-long nucleotide sequences) whose statistics are estimated from training samples [14] . Structure features are derived from DNA three-dimensional structures, which play important roles in guiding DNA-binding proteins to target sites efficiently [15, 16] .
However, only a small portion of the human miRNAs has confirmed transcription start sites (TSSs). Imperfect knowledge of the start sites of primary miRNA transcripts has limited our ability to study the promoter sequence features and further identify the transcription factor binding events. All existing promoter prediction methods for protein coding genes may not be suitable for miRNA genes, since they were not built based on the core promoters of miRNA genes. Hence, some studies have predicted the human pri-miRNAs boundary and regulatory region by EST [17, 18] , sequence feature [19] , and evolutionarily conservation [20] . Recently, several studies that utilized high-throughput genomic techniques identified the likely location of human miRNA TSSs [7, 8, [21] [22] [23] [24] [25] . The sequencing of 5 transcript ends [26] and genome tilling microarrays (ChIP-chip) for RNA polymerase II [27] have been used to identify proximal promoters of miRNAs in Arabidopsis. Although numerous prediction models were developed for identifying miRNA promoters or TSSs, inadequate evidence was revealed to elucidate relationships between miRNA genes and transcription factors (TFs) due to lack of experimental validation.
With the next generation sequencing technology development, the genome-wide chromatin profiles have been detected. Using the combinations of specific histone modifications, chromatin states correlate with regulator binding, transcriptional initiation, and elongation; enhancer activity and repression can be inferred more precisely. Using biologically meaningful and spatially coherent combinations of chromatin marks, two studies have proposed a novel approach for discovering chromatin states, in a systematic de novo way across the whole genome based on a multivariate hidden Markov model (HMM) [28, 29] which explicitly modeled mark combinations. The chromatin marks included histone acetylation marks, histone methylation marks, and CTCF/Pol2/H2AZ. By analyzing the genome-wide occupancy data for these chromatin marks, the chromatin states were definitely classified. Even though states were learned de novo based solely on the patterns of chromatin marks and their spatial relationships, they correlated strongly with upstream and downstream promoters, 5 -proximal and distal transcribed regions, active intergenic regions, and repressed and repetitive regions. And these chromatin states were distinguished into six broad classes including promoter states, enhancer states, insulator states, transcribed states, repressed states, and inactive states according to the present/absent condition of the combination of chromatin marks.
Recently, genome-wide maps of nine histone modifications produced by ChIP-Seq were used to describe the chromatin patterns in Arabidopsis [30] . Previous study has found that miRNA and protein coding genes share similar mechanisms of regulation by chromatin modifications [31] . Based upon the assumption that the distributions of histone markers around the TSSs of miRNA genes are similar to the TSSs of protein coding genes, we have developed a computational strategy to identify the promoter regions of most miRNA genes. Comparing to HMM, the Support Vector Machine (SVM) has better performance in binary classification. In this study, SVM was used to distinguish the distributions of 9 histone markers in promoter regions and nonpromoter regions.
Method

Data Description.
In the previous study, the ChIP-Seq experiments of nine histone modifications, H3K4me2, H3K4me3, H3K9Ac, H3K9me2, H3K18Ac, H3K27me1, H3K27me3, H3K36me2, and H3K36me3, were produced in the aerial tissue of 2-week-old Arabidopsis plants [30] . The whole genome profiles of nine ChIP-Seq experiments were downloaded from the National Center for Biotechnology Information Gene Expression Omnibus (accession number GSE28398). 35 bps color-space reads for each of the histone markers were aligned to TAIR 8 Arabidopsis thaliana reference genome. Here, we converted the genome position of each read from TAIR 8 genome assembly to TAIR 10 genome assembly.
The gene annotation of TAIR 10 genome assembly was downloaded from Arabidopsis Information Resource (TAIR) (https://www.arabidopsis.org/), in which more than 27,000 protein coding genes were annotated. Arabidopsis miRNAs annotation was downloaded from miRNA registry [32] (miRBase, v20), and 298 miRNAs were annotated in miRBase.
ChIP-Seq Data Processing.
In order to retrieve the histone modifications patterns around the transcription start sites of protein coding gene, we first divided the genomic regions neighboring TSS into 100 bp bins. We wanted to compare the same regions in the genome for the number of reads they have in nine different histone modification libraries, so we absolutely normalized the raw data to reads per million per bin (RPM). We calculated the number of reads that fall into an individual bin divided by the number of reads in the sample data set and then multiplied by 10 6 to get the value per million. In this way we got an RPM track of 100 base bins covering the genome; thus samples with different numbers of reads become comparable. The RPM formula is as follows:
Here, represents the number of reads falling into the th bin and represents the total number of mapped reads. The histone binding pattern nearby the TSSs of all protein coding genes is retrieved as positive set, and the ones of 10,000 random positions are retrieved as negative set.
Support Vector Machine.
In this study, the Support Vector Machine (SVM) was used to classify the TSSs and random regions based on the profiles of nine histone markers. The SVM is described as follows.
Given a training data , a set of points of the form
where is the reads count in each bin around the th gene's TSS and the is either 1 or −1, indicating the two classes to be classified as the real transcription start sites versus random genomic regions. The decision function of SVM is
Here, ( , ) is the radial basis function (RBF) kernel, because of its good general performance and a few number of parameters (only two: and ). We used the R package "e1017, " which offers an interface to package LibSVM (version 2.6). To obtain SVM classifier with optimal performance, the penalty parameter and the RBF kernel parameter are tuned based on the training set using the grid search strategy in e1017.
Result
The Histone Marker Distribution around TSS of Protein
Coding Genes. The goal of this study was to use ChIP-Seqderived histone marker data to identify transcription start sites of miRNAs in Arabidopsis. We first examined the 9-histone-marker pattern around the TSS of protein coding genes. We divided the genomic regions into multiple 100 bp bins and calculated the reads per million per bin (RPM) of each histone marker's fragments located in each of the bins within 2,000 bp upstream and downstream the TSS. Not surprisingly, most of these nine histone markers are enriched around the transcription start sites of protein coding genes and a peak of RPM can be found near the TSS (Figure 1(a) ). While, among these nine histone markers, the H3K4me3 has the most significant peak, H3K9me2 and H3K27me1 have no peak in TSS. We also randomly selected 10000 genomic positions to examine the histone marker pattern. No such enrichment was found for H3K4me3 signal (Figure 1(b) ) and other histone markers in random genomic regions. It suggests that the histone markers are strongly correlated with TSS. We can predict the promoter by examining the distribution of histone markers around TSS.
The Training and Prediction of SVM Using Nine Histone
Markers. In this study, we used Support Vector Machine (SVM) to predict the TSSs of miRNA based on the profiles of 9 histone markers. We selected the fragment distribution derived from ChIP-Seq data of 9 histone markers around TSS in 27,000 protein coding genes as positive set and those on 10,000 random positions as negative set. To estimate the accuracy of our method, we used random half of the positive set and half of the negative set to train SVM and then predicted the remaining positive and negative set. The prediction probability was presented using characteristic curve (ROC curve), in which the abscissa is specificity that represents the false positive rate and the ordinate is sensitivity that represents the true positive rate. If the area under ROC curve (AUC) is bigger, the accuracy of prediction is higher. At first, we used the distribution pattern of one single histone marker to train SVM and nine ROC curves of predicted result were shown in Figures 2(a)-2 the H3K4me3 has the biggest AUC (∼0.85) and the prediction accuracy in each pattern selection based on different bin number is very similar. On the contrary, the H3K9me2 and H3K27me1 have the smallest AUC (∼0.6). This result is very consistent with the enrichment of histone marker pattern around the TSS. In most histone marker predictions, the AUC scores are increased from 5 bins to 20 bins, which means the statistical power is increased. To get more accurate prediction, we combined all the nine histone markers to train SVM and predict TSS (Figure 2(j) ). All the AUC scores of 4 different histone patterns based on bin number are above 0.9. The highest AUC score is 0.913 based on prediction of 10 bins. In the next step, we will predict the miRNA transcription start sites by integrating 9 histone markers around 10 bins of upstream and downstream TSSs.
The Prediction of TSSs of miRNA Genes.
The objective of this study was to identify the TSSs of miRNAs by searching for histone marker patterns similar to those seen in the upstream regions of protein coding genes. The Arabidopsis genome has a large density of gene distribution, which is about one gene every 4-5 kb. The distance between miRNA and the TSS of its nearest upstream gene was calculated (Figure 3(a) ), which showed miRNAs whose corresponding distance is <1 k, 1-2 k, or 2-3 k had the highest frequencies. 217 of 298 distances between miRNAs and upstream TSSs are less than 5 k, and no miRNAs are far away from the nearest upstream TSS to 10 K. In this study, we focused our study on 298 miRNAs obtained from miRBase miRNA sequence database (version 20). For each miRNA, SVM was used to search the TSS of the primary miRNA up to 10 kbp upstream the mature miRNAs. We combined the profile of 9 histone markers in up and down 10 bins around TSS to train the SVM and then predict promoters of 298 miRNA genes. Using FDR ≤ 0.1, we identified 42 miRNAs which have independent TSSs (Table 1) . Among 298 miRNAs, the predicted TSSs of 124 miRNAs were at the same position as the promoter of upstream nearest gene (Supplementary Table 1 in Supplementary Material available online at http://dx.doi.org/10.1155/2015/861402), and the remaining 132 miRNAs were not predicted (Figure 3(b) ). We also calculated the distance between 42 independent TSSs and the corresponding miRNAs, which were shown in Figure 3(c) . Obviously, most of the independent predicted promoters were much close to the corresponding miRNAs.
The Histone Pattern around Predicted miRNA TSSs.
miRNAs ath-MIR167b and ath-MIR773b are selected to show the histone pattern around the predicted TSSs (Figure 4) . miRNA ath-MIR167b and upstream gene AT4G19390 are head-to-head gene pair (Figure 4(a) ). Our method identified an independent TSS of ath-MIR167b, which is 2 k far away from gene AT4G19390. The histone marker profiles showed two different peaks of combined nine histone markers, which suggests these two opposite genes had differently regulatory regions. miRNA ath-MIR773b and upstream gene AT1G35470 are in the same strand (Figure 4(b) ). The predicted TSS of ath-MIR773b overlaps with the AT1G35470 promoter region. Only one histone marker peak can be found in the promoter region of AT1G35470, and no histone marker is enriched between ath-MIR773b and AT1G35470. One biological mechanism is that the miRNAs are transcribed with the upstream genes at the same time. We found that 25 out of 124 miRNAs with the same TSSs as upstream genes were intronic miRNAs (Supplementary Table 1) , which means these miRNAs had the same regulatory region as host genes. of cDNA ends procedure [26] and RNA polymerase II ChIP-chip experiment [27] have been used to determine promoters of miRNAs in Arabidopsis. Our study predicted 42 independent miRNA TSSs by 9 histone markers. 16 among 42 TSSs of miRNAs were also identified by other two methods. If a TSS position recognized by one method locates within 100 bp from TSS of the same miRNA identified by another method, this TSS was considered to be the same by these two methods. As we can see in Figure 5 , 10 out of 16 miRNA TSSs were consistent for all three methods. One miRNA TSS was identified as being the same by our method and polymerase II ChIP-chip, but not by 5 rapid amplification of cDNA ends procedure. Two miRNA TSSs were the same for our result and 5 rapid amplification of cDNA ends procedure only.
Discussion
Annotation of the primary transcripts of miRNAs is extremely important to our understanding of the biological process of miRNAs and their regulatory targets. Although much progress has been made in promoter recognition, we are still far away from the goal of miRNA promoter identification. High-throughput DNA sequencing is rapidly changing the landscape of genomic research [33] . Recent studies using ChIP-Seq technology have revealed genomewide transcription factor binding sites [34] [35] [36] , RPol II binding sites and patterns associated with active transcription of coding genes [37, 38] , and the distribution of histone modifications across the genome [38] . The modifications of the histones are found to be associated with transcription initiation and elongation [39] , which made plenty of promoter prediction studies regarding histone modification as significant features. For example, H3K4me3 is enriched in the promoter regions, and H3K36me3 occurs at nucleosomes covering primary transcripts of actively expressed genes [40] . In this study, 9 histone markers including H3K4me2, H3K4me3, H3K9Ac, H3K9me2, H3K18Ac, H3K27me1, H3K27me3, H3K36me2, and H3K36me3 were used to predict miRNA promoters. Based upon the assumption that the distributions of histone markers around the TSSs of miRNAs are similar to the ones of protein coding genes, we developed a computational strategy to identify the promoter regions of all miRNA genes in Arabidopsis. Integrating 9
